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Abstract 
Recent technological advances have resulted in an abundance 
of instruments used in the sourcing of low-fired earthenware. 
However, many of these techniques are expensive, time consuming 
and result in the sample being damaged or destroyed.  As the 
technology has improved, non-destructive instruments, such as  
portable X-ray Fluorescence devices (pXRF) have become more 
accurate and reliable. With advances in the field of remote 
sensing, handheld hyperspectral imaging devices also have the 
potential to be a viable nondestructive alternative to other 
analytical devices in ceramic sourcing. This study uses a Visual 
Near Infrared Reflectance (VNIR) device and a Fourier-Transform 
Infrared (FTIR) device to analyze 100 samples from Mississippi 
Period sites in western Kentucky. The data generated from the 
VNIR and FTIR were compared to data derived from a pXRF 
instrument to assess the utility of using hyperspectral imaging 
techniques for ceramic sourcing. The resulting VNIR and FTIR 
data showcased the ability to identify unique materials that can 
assist with ceramic analysis. However, further research will be 
necessary to identify the full impact various surface 
imperfections of samples has on the devices. 
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CHAPTER 1: INTRODUCTION 
Purpose of Study 
Recent technological improvements have resulted in an 
abundance of instruments used in the sourcing of low-fired 
earthenware. With these recent advances, handheld hyperspectral 
imaging devices have the possibility of becoming an effective 
alternative to other portable means of ceramic sourcing and 
analysis.  
Statement of Problems 
Many instruments currently used in the analysis of 
archaeological ceramics, such as INAA or petrographic thin 
section analysis, are either too destructive or time consuming. 
Alternative devices, such as pXRF devices solve these issues; 
however, they are in some cases not as accurate or precise. 
Advances in the technology have greatly improved their success 
rate in identifying important trace elements. The device still 
has issues with identifying the lower weight elements that are 
necessary in the sourcing of archaeological ceramics. Handheld 
hyperspectral devices should provide a fast, effective 
alternative to analyzing and sourcing archaeological ceramics. 
To assess the utility of a hyperspectral device, data from a 
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handheld VNIR and FTIR device were compared to data from a pXRF 
device. This comparison provided a means to assess/test the 
accuracy of the VNIR and FTIR devices in the identification of 
similar ceramic materials. 
Sample Areas 
 This study included 100 ceramic sherds from five 
Mississippi Period (ca. AD 1000-1700) archaeological sites in 
western Kentucky. The Mississippi Period began after the end of 
the Late Woodland period as groups started to become more 
reliant on domesticated crops. This increase in domestication 
allowed for groups to become more sedentary, allowing for more 
specialization in the creation of ceramics. There is also 
evidence for an increase in interaction between various groups. 
This could result in objects such as ceramics being transported 
large distances through trade or gift giving. This will be an 
important factor to consider since it could explain any 
physical/chemical variation that could be observed among any 
ceramic sherds.  
This region of Kentucky consists of large amounts of 
gravel, sand, and clay located along many of the streams 
throughout the area. There are also sources of iron ore present 
throughout the state, which led to the construction of multiple 
furnaces in the early 1900s. The presence of iron in the soil 
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means that it is likely that there will be higher amounts of it 
located within the ceramic sherds than would usually be expected 
(Pollack, 2008). The study regions showcased a variety of 
different soil types present throughout the regions (Tables 1-4) 
(USDA). Grenada Silt loam is fairly common in each of the 
regions with the exception of Carlisle. Where the most common 
soil type looks to be Loring silt loam, followed closely by 
frequently flooded Convent-Adler. Out of the five sites, three 
of them were located on or near a major river. These three being 
the Adams, Turk, and Reed. This closeness to the waterside may 
have introduced more variety to the materials that would be 
obtained for the ceramics if they were made using these local 
materials. This is showcased in the soil type tables as these 
areas are the ones with the highest soil types listed as 
“frequently flooded”. This frequent flooding of the area could 
introduce various minerals into the soil that was carried by the 
river. Therefore, causing an increase in variety of the soil 
makeup compared to the surrounding areas of the two sites not 
located near a major source of water, Chambers and Backusburg. 
Levels of dissolved iron are high in some of the aquifers in the 
Purchase Region of Kentucky. If this is the case, then the sites 
located near these sources of water may have differing amounts 
of iron levels in the samples than sites not near these sources 
(Olive, 1980). 
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Table 1: Common soil types present in Carlisle and Hickman 
counties with at least one percent of coverage. 
Table 2: Common soil types present in Calloway and Marshall 
counties with at least one percent of coverage. 
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Table 3: Common soil types present in Fulton with at least one 
percent of coverage. 
Table 4: Common soil types present in McCracken with at least 
one percent of coverage. 
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The sherds were selected from sites 15ML109, 15McN51, 
15CW65, 15CE6, and 15FU4 (the Chambers, Reed, Backusburg, Turk, 
and Adams sites respectively) (Figure 1). Most of the sites are 
located on or near major rivers, which may have served as 
sources for the clay used in pottery production assuming that 
most pottery was produced from locally available clays. This is 
important to keep in mind because while vessels that have a more 
utilitarian nature are typically made using local sources that 
are fairly close to the potter. A typical estimate is that in 
roughly 33% of cases clays are being obtained from withing one 
kilometer of the settlement, and roughly 84% procuring within 
seven kilometers. (Arnold, 2000; Simms et al., 1997). Although 
it is possible that a ceramic present at a site may have been 
made from outside of the region. If a local site was actively 
interacting with another site and goods were being exchanged, it 
is possible that various ceramics could have been included in 
those transported (Arnold, 2000). The pXRF should have success 
in identifying the chemical differences between different clay 
types. The dominant clay in western Kentucky is Kaolinite 
(Hosterman, 1984); therefore, the FTIR and VNIR data should be 
able to represent that among the samples if the devices are 
accurate in their analysis. The comparison between the presence 
of Kaolinite and other types of clay can be used to identify 
which samples could have originated from a similar source.  
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Fig. 1: Map showing the general locations of the five sites 
the samples originated from. 
 
 
Chapter 2: Previous Research 
Commonly Used Instruments 
The most commonly used techniques in determining source and 
composition of ceramic assemblages include petrographic thin 
section analysis, Instrumental Neutron Activation Analysis 
(INAA) and Plasma based techniques, such as Laser Ablation-
Inductively Coupled Plasma-Mass Spectrometry (LA-ICP-MS). These 
have historically been used the most due to the high accuracy 
and precision of the techniques (James et al., 2004; Giussani et 
al., 2009). 
Petrographic thin section analysis provides an estimate of 
the aplastics in ceramic paste by individually identifying the 
inclusions with the help of devices like electron microscopes. 
Other techniques, such as INAA and LA-ICP-MS look at the 
chemical composition of the clay samples being analyzed. The 
chemical makeup of ceramics typically contains natural and 
cultural variations in the clay itself. Natural variations in 
the clay can result from the conditions present during the 
initial formation of the clays, such as the constituent 
elements, or any aplastic inclusions. Cultural variation 
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includes tempering agents that are intentionally introduced  by 
the potter. The differential inclusion of these components by 
the potter can alter the ratio of clay, temper, etc. that is 
present in the ceramic (Stoner et al., 2014, pg.864; Rice et 
al., 1981). These techniques also provide a higher level of 
accuracy in identifying the various elements and minerals that 
comprise a sample than other devices. However, these techniques 
are time consuming to perform, not easily accessible to every 
researcher, and can be significantly expensive when multiple 
samples need to be analyzed (Kennett et al., 2002, pg.444). They 
also require the sample to be prepared in a way that results in 
its destruction, something that is never ideal. Preparation of a 
sample for these methods can involve mounting a thin piece of a 
potsherd to a glass slide and polishing it until it is only a 
few microns thick or preparing the sample as a fused glass 
pellet (Speakman et al., 2011, pg.2).  
pXRF Devices 
Portable X-ray Fluorescence (pXRF) instruments have been 
used as an alternative to these more destructive procedures in 
analyzing both ceramics and lithics since the early 2000s when 
the technology became more readily available to the public 
(e.g., Karydas et al., 2005; Tykot, 2002; Jones et al., 2005). 
These devices do not require the large laboratory space that 
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other methods such as INAA would need. They are also easier for 
someone to learn to use without much training. While the devices 
themselves have a high initial cost of purchase, the long-term 
costs will be lower than they would be to pay for an independent 
lab to analyze the samples each time. One drawback to this 
technique, however, is that it has a low elemental resolution. 
This makes it difficult to source all ceramic samples as 
accurately as other laboratory methods, such as INAA. The pXRF 
device identifies elements by measuring the energy emitted from 
electrons as they are dislodged from atoms in the sample after 
being introduced to the device’s x-ray, which makes identifying 
elements with a low atomic mass difficult. The problem in the 
analysis of archaeological ceramics is that many of the elements 
used in the sourcing and analysis of the ceramics, such as 
magnesium or silicon have a low atomic mass. This has not 
limited its use; however, as the number of studies incorporating 
the technique has increased significantly in recent years 
(Speakman et al., 2011; Hayes, 2013; Tanasi et al., 2017; Tykot, 
2018; Liritzis et al., 2018).  
Research into the use of pXRF instruments for sourcing 
ceramics has increased in the last ten to fifteen years. As a 
result, a large amount of information about the instrument’s use 
and how it compares with more commonly utilized methods, such as 
INAA has been generated (Speakman et al., 2011). While a pXRF 
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device has advantages in its use over other laboratory-based 
methods, it also has its drawbacks. The device lacks the 
elemental resolution to accurately record the trace elements 
commonly used in sourcing ceramics, such as aluminum due to 
their lighter weight (Tykot, 2016, pg.46-47). This is due to the 
fewer number of electrons in these elements that can release the 
energy. Even though this drawback makes accurately analyzing and 
sourcing ceramics difficult, there are situations where the 
method is still preferable to others. The most common scenario 
is one in which a non-destructive method of analysis is 
preferred or needed, such as in the analysis of museum 
specimens, which usually have restrictions against any analysis 
that results in damaging the sample (Tanasi et al., 2017). 
Portable XRF instruments work by emitting high dose 
electromagnetic impulses in a beam from the front of the device. 
When these x-rays encounter a sample, they cause the electrons 
in the atoms of the sample to dislodge from the shell and become 
replaced by electrons from other parts of the shell. As they do 
this, they release an energy that is specific enough that it can 
be used to identify the element comprising the atom. The unit 
detects this energy via the detector adjacent to the X-ray tube 
on the front end of the device and identifies the elements based 
on the readings (Figure 2). The handheld nature of the device 
means that a sample can be analyzed in multiple ways, such as  
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simply pointing the device in the vicinity of the sample or by 
placing the device on the sample to ensure direct contact. The 
most accurate way of analysis involves ensuring direct contact 
with the sample, either by holding the device against the sample 
or setting up a stand to hold the device and then placing the 
Fig. 2: Image showing the layout of a typical handheld pXRF 
unit (ThermoFisher, n.d.). 
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sample against the device’s emitter. This is necessary due to 
the negative effect that air has on the device’s accuracy. The 
lower detection power that the device has compared to other 
methods means that it is more susceptible to energy from the 
electrons in lower weight elements being lost/altered by the 
air. This can be alleviated by either ensuring as much physical 
contact as possible by preferably selecting samples that have a 
large flat area or by introducing a vacuum to reduce the air 
between the sample and the instrument. A vacuum chamber is 
typically set up with the device connected to the chamber via a 
tube that connects to the front of the device, however, setting 
these up can be costly (Tykot, 2018).  
Portable XRF is also susceptible to errors resulting from 
the composition of the ceramic itself (Tykot, 2016). For 
instance, tempering agents in ceramics can skew the readings 
from a pXRF device based on the size and distribution of the 
temper. This issue of temper size and distribution can cause 
readings to become altered as the instrument may be detecting 
the temper itself instead of the clay (Neff et al., 1989). In 
the case of shell temper, the size of the temper can affect 
readings to a considerable degree. There have been cases where 
shell temper has been analyzed and sourced by itself (Peacock et 
al., 2007). This means that ceramics with large amounts of 
temper or large temper sizes should be avoided when using 
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techniques, such as pXRF that rely on analyzing a specific point 
of a sample that is typically 5-10mm wide, unless the point of 
the research is to identify potential sources of the temper 
itself, such as shell (Peacock et al., 2007). 
Some of the issues can be overcome by calibrating the 
device before using it so that the instrument can detect the 
important trace elements with more quantitative accuracy. The 
calibration process should be straightforward depending on the 
model. Calibration can take place by either using a preset 
calibration for the device or by taking measurements of standard 
samples to obtain a baseline measurement to use for calibration. 
The calibration process can help ensure that the instrument puts 
more focus on identifying the elements that are pertinent 
instead of those that are not. These elements are the ones that 
undergo the most distinct changes during the formation of the 
clay itself, so that the characteristics of one clay slightly 
differs from a sample of clay from another region (Chamley, 
1989). The lack of accuracy and precision that the pXRF device 
suffers from, when compared to other methods, results from these 
elements that are used in ceramic analysis typically having a 
low atomic weight. These handheld units do not typically have 
the capabilities to accurately detect the energy emitted from 
these elements. Unfortunately, some commercially available pXRF 
units come with pre-calibrated profiles, unlike the lab-based 
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stationary XRF units that can be freely calibrated (Hunt and 
Speakman, 2015). This problem can be addressed by identifying 
which calibration most closely matches the materials you are 
looking to analyze and to obtain standardized samples so that a 
baseline can be established to further calibrate the machine. 
There are two commonly used detection systems in pXRF 
units. These consist of an Energy Dispersive XRF and a 
Wavelength Dispersive XRF, ED-XRF and WD-XRF, respectively. The 
ED-XRF system is the simpler and less costly of the two methods. 
It consists of simply placing the device in direct contact with 
the sample. The device then collects the necessary data from the 
sample. The drawback to this method is that the air between the 
sample and the device can skew the readings. This will be 
especially true with the lower weighted elements that the device 
already has a difficult time reading (HORIBA Scientific, 2020). 
A WD-XRF system has been found to be the most precise procedure 
since it has the highest success in measuring and quantifying 
the lower weighted elements typically used in ceramic analysis. 
This method also has a higher resolution than the ED-XRF method. 
This means that a WD-XRF device can detect a spectral resolution 
between 5-20 electronvolts or eV. Compared to the other commonly 
used method of an ED-XRF which reads between 150-300 eV (Hunt 
and Speakman, 2015). It is performed by placing an analyzing 
crystal between the unit and sample being analyzed. Most units 
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have a spot in the unit to insert these types of filters. To 
perform this, however, a stronger x-ray tube is needed, which 
will increase the overall price of the unit. Even utilizing a 
stronger x-ray tube, elements, such as phosphorus and sodium are 
still difficult to detect (Hunt and Speakman 2015). According to 
Hunt and Speakman (2015, p. 631), a calibration for pXRF should 
include three critical aspects: 
1) A calibration should include all elements of interest in 
the sample material. 
2) Have a dynamic range appropriate for the elemental 
concentrations typical or expected in the material. 
3) And utilize certified reference materials or standards 
to build calibrations with a similar matrix to the sample. 
Hyperspectral Devices 
Few studies have been conducted utilizing hyperspectral imaging 
to source and analyze ceramics (Mackin et al., 2014). There has 
also been some success in sourcing chert using Visible/Near-
Infrared Reflectance (VNIR) Spectroscopy (Parish, 2011). When 
compared to pXRF devices, hyperspectral imaging devices, such as 
VNIR or a Fourier Transform Infrared Spectroscopy (FTIR) may 
provide an effective alternative method of ceramic analysis and 
sourcing. Hyperspectral imaging has the potential to be both 
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faster and more accurate than pXRF devices. Hyperspectral 
imaging has been successfully used to detect exposed clay pits 
in satellite imagery as well as differentiate between different 
types of clay such as kaolinite or smectite (Chabrillat et al. 
2002). To test the utility/effectiveness of hyperspectral imaging 
in sourcing ceramics, data obtained from this technique were 
compared to data obtained from pXRF analysis of the same 
samples.  
Hyperspectral imaging devices record the 
absorbance/reflectance rates of whatever material is being 
analyzed. In the case of satellite-based sensors, large areas 
can be analyzed this way. The resulting reflectance or 
absorbance data can then be used to produce images of the area 
that can be used for techniques, such as landcover analysis, 
which detects the different type of landcovers based on their 
reflectance data. With handheld devices the technique is 
similar, it just occurs on a smaller scale. The devices record 
data similarly to a pXRF device with the method of analysis 
being point and record. The data from the devices is typically 
shown in a graph format with the samples presented as spectral 
curves. These curves represent the reflectance/absorbance values 
of the samples across the spectrum. For identification purposes, 
reference curves are typically used. These are data obtained 
from control samples of a known material, therefore producing a 
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spectral curve specific to the sample being analyzed. These 
reference curves are compared with obtained data to look for 
high and low peaks that are present in similar areas of the 
spectrum. If the peaks from the reference curves are present in 
similar areas among the sample data, then that suggests that the 
reference material is present in the samples. 
 
 
 
Chapter 3: Methods 
Sample Selection/Preparation 
In order to obtain a large enough sample to analyze, 100 
ceramic sherds were selected from the Murray State University 
Archaeology Laboratory’s permanent collections. These samples 
were collected from five separate Mississippi Period sites in 
western Kentucky with 20 samples obtained from each site. 
Samples were selected based on their composition to ensure that 
there was as little interference as possible when the analysis 
occurred. The samples obtained consisted of mostly of Bell Plain 
sherds with a small number of Mississippi Plain sherds. The 
samples were also all undecorated with a very fine shell temper 
present throughout most samples. This ensured that when 
analyzing the samples, the devices were obtaining measurements 
of the clay comprising the sherds. Samples with flat surfaces 
were also selected to minimize the amount of airflow between the 
sample and the analysis window of the PXRF and FTIR devices 
(Figures 2a-2y). The final factor that was used to identify 
samples was the size of the ceramics. The sherds selected needed 
to be wide enough to be able to be able to properly cover the 
analysis windows of both the pXRF and FTIR devices. For this 
study that width requirement was at least two millimeters. At an 
initial glance one can see that there is a decent amount of 
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variation between the samples in terms of coloration. Site 15FU4 
shows this on some samples with a range from light brown to a 
more black/red color (Figure 2o). This raises a question as to 
whether this could be the result of different firing conditions 
or if the sherds consist of different types of clay. Since the 
samples selected had no visible decorations or large inclusions, 
the only preparation required was wiping down the surface of 
each sample with a Kimwipe before each analysis to clean off any 
dust present. Kimwipes are paper fiber optic cleaning wipes that 
are designed for cleaning lab instruments. This is due to the 
low lint in the wipes themselves, resulting in minimal 
contamination of the sample being cleaned.  
 
  
Fig. 2a: 15CE6 samples A-D 
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Fig. 2b: 15CE6 samples E-H 
Fig. 2c: 15CE6 samples I-L 
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Fig. 2d: 15CE6 samples M-P 
Fig. 2e: 15CE6 samples Q-T. 
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Fig. 2f: 15ML109 84-39.379 samples A-C. 
Fig. 2g: 15ML109 84-39.379 samples D-F. 
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Fig. 2h: 15ML109 84-39.367 samples A-D. 
Fig. 2i: 15ML109 84-39.367 samples E-H. 
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Fig. 2j: 15ML109 84-39.382 samples A-D. 
Fig. 2k: 15ML109 84-39.383 samples A-B. 
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Fig. 2l: 15FU4 83-99 samples A-E. 
Fig. 2m: 15FU4 83-99 samples F-J. 
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Fig. 2n: 15FU4 83-100 samples A-E. 
Fig. 2o: 15FU4 83-100 samples F-J. 
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Fig. 2p: 15McN51 81-40.33 samples A-E. 
Fig. 2q: 15McN51 81-40.33 samples F-H. 
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Fig. 2r: 15McN51 81-40.33 samples I-J. 
Fig. 2s: 15McN51 81-40.33 samples K-O. 
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Fig. 2t: 15McN51 81-40.34 samples A-F. 
Fig. 2u: 15CW65 2015-001.026 samples A-C. 
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Fig. 2v: 15CW65 2015-001.018 samples A-D. 
Fig. 2w: 15CW65 2015-001.018 samples E-H. 
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Fig. 2x: 15CW65 2015-001.019 samples A-D. 
Fig. 2y: 15CW65 2015-001.019 samples E-I. 
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Analysis 
The ceramic analysis was undertaken at The University of 
Memphis using a Bruker Tracer Vi pXRF device as well as a 
Spectral Evolution PSR+ VNIR and an Agilent Technologies 4300 
FTIR hyperspectral imaging device. 
pXRF Analysis 
The pXRF device was positioned in a way that the device 
could stand on its own and allowed for the samples to simply be 
placed on the analysis window (Figure 3). Each sample was 
analyzed on its flattest side to ensure as much contact between 
the sensor and the ceramic as possible to mitigate the data lost 
to the air. Each analysis consisted of multiple scans over 60 
seconds which were then averaged to provide the resulting data. 
The data were exported from the device in a .PDZ file format. 
This format was proprietary to a Bruker software package tied to 
the device. A freeware program called CloudCal (Drake, B.L., 
2018) was used to view the data. Unfortunately, the pXRF device 
was not calibrated for the analysis of ceramic materials. As a 
result, the data could not be statistically analyzed. Instead 
the data were analyzed in a qualitative and semi-qualitative 
manner.  
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The data viewable in the CloudCal program included the 
initial count lines of the data which were used instead of a 
statistical analysis. These count lines represent the counts per 
second that were recorded over a range. In this case the range 
was in keV or kilo-electronvolts. The file names were changed to 
match which samples they represented and were then grouped by 
which site they were from. This allowed for each site’s samples 
to be displayed together to facilitate a qualitative analysis to 
determine whether there were any groupings or outliers in the 
Fig. 3: The pXRF device ready to analyze 
samples. 
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data. The spectral/count lines were analyzed using the 
software’s built-in database of elemental curves to identify 
which elements were present in the samples and estimate whether 
one sample had a higher level of certain elements than another 
sample. The elements chosen for analysis were calcium, iron, 
niobium, rubidium, strontium, yttrium, and zirconium.  
The pXRF data of the ceramic sherds from each site 
contained visible peaks that represented these elements, making 
them ideal for analysis. A semi-qualitative analysis was 
performed by identifying where a sample had higher counts of an 
element and using that as an estimate for how much more or less 
of the element is present in a sample. Unfortunately, the 
software did not allow for much editing of the plots themselves, 
so in order to keep the plots legible the data were separated 
into their respective sites. This allowed for differentiation 
between samples from the same site which was used as a baseline 
to compare data obtained using the  hyperspectral devices. 
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FTIR Analysis 
The FTIR device used for this research was attached to a 
laptop to record data from each sample and export it in a 
readable format (Figure 4). Before each analysis, the device was 
re-calibrated using the coarse-silver lens that doubled as a 
cover for the device. Each analysis took a little longer than a 
minute when the re-calibration times were factored in. Once the 
data were collected, they were exported into Spectragryph (F. 
Menges "Spectragryph - optical spectroscopy software"). The 
software was used to import and plot the FTIR data and perform 
some of the necessary processing techniques. After the data were 
imported into Spectragryph, the first-order derivatives were 
extracted. Data with wavenumbers less than 750[1/cm] were cut to 
limit the noise present in the data in order to improve the 
overall accuracy. An adaptive baseline of 15% coarseness was 
applied to the data to highlight areas where the data had high 
and low peaks. The resulting data were used for identifying 
samples that were closely correlated based on the co-variance 
matrices calculated in R as well as to easily compare peaks 
between the data and obtained reference curves of minerals that 
may be present. The resulting data were then extracted into a 
.csv file readable by Excel and R. The data were imported into R 
to calculate co-variance matrices. These data were used to 
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compare each sample’s spectral values for any similarities. A 
value of 1 indicates that the two samples were identical whereas 
a value closer to 0 indicates dissimilarity. For this study, a 
value of 0.80 was considered to be a sufficient indicator of 
similarity while still allowing a wide enough range of error. 
While a lower value could have been selected. For the point of 
this research it was decided that marking the pairs that showed 
a very strong percent of similarity would allow for a better 
view of the devices capability to detect strong similarities in 
the data. A Principal Component Analysis (PCA) was performed in 
R as a final analytical step for each site.  
  
Fig. 4: The FTIR device. 
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VNIR Analysis 
The VNIR device was positioned above a black box to allow a 
sample to be placed underneath (Figure 5). This allowed each 
sample to be analyzed against a black background to ensure any 
reflectance values were coming from the sample and not the 
background. In addition, every five samples, the device was re-
calibrated using a white standard to ensure there was as little 
drift or noise in the data as possible. Spectragryph was used to 
import and process the resulting data. While the data were in a 
slightly different format from the FTIR data, the same process 
was followed in preparing the data for analysis. For the VNIR 
data the values after wavelength 2300 were removed to prevent 
noise from influencing the data. Once the data were extracted 
out of Spectragryph they were entered into R to compute 
covariance matrices and PCA for the samples from each site. 
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Spectral Database 
 
The FTIR and VNIR datasets both had an adaptive baseline of 
15% coarseness applied to the data after the derivatives were 
extracted. This made it easier to visually interpret the data in 
order to compare it with the databases provided by the United 
States Geological Survey (USGS). The Spectragryph program 
allowed for the units to be viewed in wavenumbers, nanometers, 
and micrometers interchangeably. This helped in comparing the 
visual data with the reference data obtained from the online 
USGS database. 
Fig. 5: The VNIR device. 
 
 
CHAPTER 4: Results 
pXRF Data 
15CE6 
The pXRF data displayed some groupings in the lower energy 
regions, which were ideal since the elements typically used in 
ceramic analysis reside within that region. Of the elements 
analyzed, iron, zirconium, calcium, and yttrium  displayed the 
clearest peaks. For site 15CE6 the full spectral plot showed 
clear peaks and groupings in the lower regions (Figure 6). The 
data revealed an initial grouping when compared to the 
software’s built in calcium levels. Of the samples analyzed, the 
only definitive outlier was sample 85-51l (Figure 7). The next 
element to show strong peaks in the data was iron. This occurred 
at a higher energy region and shows an even split between 
samples having low counts and high counts (Figure 8). There was 
also some grouping with niobium at the lower regions 
specifically at around 2(keV) where most of the samples had 
significantly lower counts except for some outliers (Figure 9). 
yttrium displayed significant grouping at 2(keV) where most 
samples dropped in counts (Figure 10). The final element that 
contained strong peaks in the data was zirconium.  
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Fig. 6: PXRF graph of site 15CE6. 
Fig. 7: PXRF graph of 15CE6 with calcium data. 
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Fig. 8: PXRF graph of 15CE6 with iron. 
Fig. 9: PXRF graph of 15CE6 with niobium. 
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While the grouping is not as clear as some of the 
previously discussed elements there is still a visible drop in 
the data that occurs for each sample (Figure 11). 
Fig. 10: PXRF graph of 15CE6 with yttrium. 
Fig. 11: PXRF graph of 15CE6 with zirconium. 
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15CW65 
  
While the data for site 15CW65 have similar groupings to 
site 15CE6 there are some outliers that are immediately visible 
in the lower ranges (Figure 12). The samples seem to have 
similarities in peaks with 15CE6 regarding the selected 
elements. The main differences seem to be in various outliers 
and how close the grouping is between the samples. For calcium, 
the counts look similar to 15CE6; however, the grouping is 
closer together and there is not an outlier present like there 
was at site 15CE6 (Figure 13). The counts for iron and niobium 
also showed a separation between samples. Roughly half showed 
lower counts whereas the rest had higher counts. Especially 
sample 2015-001.018d which had a substantially higher count than 
the rest of the samples in iron (Figures 14 and 15), this could 
mean that the clay material in the sample originated from an 
area with a higher amount of iron than the other samples from 
15CE6. It could also mean that iron was introduced to this 
sample at some point during its formation or afterwards. Yttrium 
also had an even split between samples that was easily visible 
at 2(keV) (Figure 16).  
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Fig. 12: Full PXRF graph of 15CW65. 
Fig. 13: PXRF graph of 15CW65 with calcium. 
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Fig. 14: PXRF graph of 15CW65 with iron. 
Fig. 15: PXRF graph of 15CW65 with niobium 
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Fig. 16: PXRF graph of 15CW65 with yttrium. 
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15FU4 
  
Samples from site 15FU4 revealed that many of the plots 
looked like those from sites 15CE6 and 15CW65. Some exceptions 
can be seen in the calcium plot where the samples appear to have 
a tighter grouping (Figure 17). The other differences involve 
niobium, yttrium, and zirconium. These elements had lower total 
counts than sites like 15ML109, 15McN51, or 15CE6 did which made 
the samples group up much closer at those keV regions (Figures 
18, 19, and 20). The yttrium plot (Figure 19) showcased a 
grouping of samples with less counts per second. This is a trend 
that is present throughout most of the sample groups, which 
suggests that there is not a lot of variation in yttrium counts 
in the regions clay sources. With the exception of sites such as 
15CW65 that had a more distributed yttrium plot. 
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Fig. 17: PXRF graph of 15FU4 of calcium. 
Fig. 18: PXRF graph of 15FU4 with niobium. 
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  Fig. 19: PXRF graph of 15FU4 with yttrium. 
Fig. 20: PXRF graph of 15FU4 with zirconium. 
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15McN51 
  
The counts from the samples from site 15McN51 were 
generally higher across the elements chosen for this study. The 
samples had higher levels of iron present than those of previous 
sites but had 3 outliers that were still higher than the rest. 
This resulted in many samples grouping in the center with some 
outliers above and below them (Figure 21). Other sample groups 
had a wider spread between samples in terms of iron counts. 
Making this site the one with the tightest grouping of iron 
counts. Elements such as niobium and yttrium also had higher 
counts per second across the samples (Figures 22 and 23). The 
yttrium counts in this site are unique from others due to the 
even split between the samples with high and low counts. There 
was also an increase in the counts for zirconium as well across 
all samples (Figure 24). 
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Fig. 21: PXRF graph of 15McN51 with iron.  
Fig. 22: PXRF graph of 15McN51 with niobium. 
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Fig. 23: PXRF graph of 15McN51 with yttrium. 
Fig. 24: PXRF graph of 15McN51 with zirconium. 
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15ML109 
  
Site 15ML109 had a noticeable difference in counts at the 
higher end of the energy region (25+) than previous sites had. 
There is a jump from roughly 1 count per second to as high as 25 
counts per second in this region (Figure 25). Like the other 
sites the calcium counts for this site did not have any outliers 
and were somewhat closely spaced together (Figure 26). Like 
15McN51 the iron counts for the samples appear to be grouped in 
the center range of counts, around five to fifteen counts per 
second (Figure 27). The counts of niobium, yttrium, and 
zirconium are low at this site, which is similar to site 15FU4 
(Figures 28, 29, and 30). 
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Fig. 25: PXRF graph of 15ML109. 
Fig. 26: PXRF graph of 15ML109 with calcium. 
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Fig. 27: PXRF graph of 15ML109 with iron. 
Fig. 28: PXRF graph of 15ML109 with niobium. 
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Fig. 29: PXRF graph of 15ML109 with yttrium. 
Fig. 30: PXRF graph of 15ML109 with zirconium. 
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VNIR Data 
15McN51 
 The 1st order derivative plot showed some promising 
variation within the visible wavelength region for . The largest 
spread between samples seems to occur towards the end of the red 
spectrum. There are some reflectance peaks in the near infrared 
region as well, specifically around 990nm and 1400nm. While the 
data are adversely influenced by noise in the higher 
wavelengths, there is one more consistent spike in reflectance 
at roughly 1900nm (Figure 31). When a 15% adaptive baseline was 
applied the peaks in the NIR range became further accentuated. 
While the samples seem to be grouped, there are outliers present 
that have much higher peaks in the NIR region (Figure 32). 
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Fig. 31: VNIR graph of 15McN51 showing 1st order derivatives. 
Fig. 32: VNIR graph of 15McN51 with an adaptive baseline of 
15%. 
Ceramic Samples 
 
Ceramic Samples 
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The correlation data provided an insight as to how closely 
related each sample was based on their derivative data. Every 
cell with a value of at least 0.8 was then highlighted. This 
allowed for the identification of pairs which had at least an 
80% similarity with each other. For this site that resulted in 
roughly half of the cells being marked (Table 5). Of the values 
that had a value of at least 0.8, the majority of them fell 
within the upper 0.80 to lower 0.90 range which was very high. 
The PCA data for this site showed a significant clustering 
towards the positive end of the graph. However, there was still 
a significant amount of disparity between the samples (Figure 
33). 
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Table 5:Correlations for 15McN51. Cells with at least 0.8 highlighted red. 
62 
 
 
  
Fig. 33: PCA plot of 15McN51 showing 85.1% variance. 
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15FU4 
  
Both the derivative and baseline plots for 15FU4 closely 
resemble those of the other sites in terms of peaks. The main 
differences were with outliers and how closely grouped the data 
were (Figures 34 and 35). The correlation matrices for this site 
had fewer potential matches than the 15McN51 site . When the 
cells with a value of at least 0.8 were selected, there were 
fewer samples from 15FU4 that did not have a pair with a value 
of at least 0.8 (Table 6). While the PCA plot for 15FU4 
resembles that of 15McN51, the points seem to be spread out 
further along the PC1 axis. The central clustering of points, 
however, is still present in the samples derived from this site 
(Figure 36). 
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Fig. 34: VNIR graph of 15FU4 with 1st order derivatives. 
Fig. 35: VNIR graph of 15FU4 with a 15% adaptive baseline. 
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Table 6: Correlations for 15FU4. Cells with values of at least 0.8 are highlighted red. 
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Fig. 36: PCA plot of 15FU4 showing 80.3% variance. 
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15ML109 
 As with sites 15McN51 and 15FU4, the plot of the derivative 
data shows similar peaks at similar locations along the 
wavelength spectrum (Figure 37). However, the absorption peaks 
in the visible range were higher at this site than at sites 
15McN51 and 15FU4. With the adaptive baseline applied there are 
also peaks visible in the 1800 range of the spectrum that are 
much higher than those at sites 15McN51 and 15FU4 (Figure 38). 
The correlation data for this site also showed a much higher 
number of pairs with a value greater than or equal to 0.8. Every 
sample in the site had multiple pairs that matched this 
criterion showing a potential high degree of correlation between 
the samples, suggesting that the samples originated from the 
same clay source (Table 7). This is also represented at least 
partially in the PCA plot. The plot was able to explain 90.9% of 
the variance which is higher than could be accounted for in the 
samples from sites 15McN51 and 15FU4. There is also less visible 
disparity of the points that was present from sites 15McN51 and 
15FU4 (Figure 39). 
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Fig. 37: VNIR plot of 15ML109 with 1st order derivatives. 
Fig. 38: VNIR plot of 15ML109 with 15% adaptive baseline. 
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Table 7: Correlation data for 15ML109. Cells with values at least 0.8 highlighted red. 
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Fig. 39: PCA plot of 15ML109 showing 90.9% of variance. 
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15CE6 
 For site 15CE6, both the derivative and baseline plots show 
lower peak levels in the visible and near-infrared regions. 
There are still some outliers present, but overall, the samples 
seem to be grouped in the lower absorption levels (Figures 40 
and 41). The correlation data shows a high degree of correlation 
between the samples. While there were not as many pairs as at 
15ML109, there was only one sample from 15CE6 that did not have 
at least one pair with a value greater than 79% (Table 8). The 
PCA plot for this site also shows a higher degree of grouping 
than sites 15McN51 and 15FU4 but not as much as the samples from 
site 15ML109. (Figure 42). This PCA was able to explain 89.1% of 
the variance and the data is more centralized than sites 15McN51 
and 15FU4.  
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Fig. 40: VNIR plot of 15CE6 with 1st order derivatives. 
Fig. 41: VNIR plot of 15CE6 with 15% adaptive baseline. 
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Table 8: Correlation data for 15CE6. Cells with values of at least 0.8 colored red. 
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Fig. 42: PCA plot of 15CE6 showing 89.1% of variance. 
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15CW65 
 The derivative and baseline data plots for site 15CW65 
share some similarities to previous sites such as 15CE6. They 
display peaks in the same regions as the samples obtained from  
sites 15CE6, 15ML109, 15FU4, and 15McN51. Apart from some 
outliers having much higher peaks in the visible spectrum, the 
spacing between samples is similar to the rest of the sites 
(Figures 43 and 44). This is enhanced with the correlation data. 
The correlation matrices for the 15CW65 samples do not have as 
many pairs with values of at least 0.8 as either 15ML109 or 
15CE6. However, it still has a higher number of potential 
pairings than sites 15FU4 and 15McN51 (Table 9). The PCA plot 
for the site also drops in the percentage of explained variance 
compared to sites 15CE6 and 15ML109. The points are also more 
spread out in the lower left region where the negative values 
are present(Figure 45). 
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Fig. 43: VNIR plot of 15CW65 with 1st order derivatives. 
Fig. 44: VNIR plot of 15CW65 with 15% adaptive baseline. 
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Table 9: Correlation data of 15CW65. Cells with a value of at least 0.8 colored red. 
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Fig. 45: PCA plot of 15CW65 showing 83.4% variance. 
79 
 
 
FTIR Data 
15CE6 
 The derivative and baseline FTIR data for all sites 
suffered from a large amount of noise in the higher regions and 
the lowest regions of the plots. However, there’s still visible 
peaks in the Near Infrared and Far Infrared regions. The samples 
from site 15CE6 revealed multiple peaks in the NIR region. There 
also are not many outliers present in either plots with all the 
samples being tightly grouped (Figures 46 and 47). The 
correlation data for the site produced no pairs that had a 
correlation value of 0.8 or higher. The highest value present 
was 0.76, of which there were four pairs (Table 10). The PCA 
plot for the site had a very low explained variance of 68.5%. 
While the plot exhibits a large amount of clustering near the 
center of the plot, the rest of the points are spread out 
without any other clusters (Figure 48). 
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Fig. 46: FTIR plot of 15CE6 with 1st order derivatives. 
Fig. 47: FTIR plot of 15CE6 with 15% adaptive baseline. 
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Table 10: FTIR correlation for 15CE6 with cells greater than 0.8 colored red. 
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Fig. 48: FTIR PCA plot of 15CE6 showing 68.5% variance. 
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15CW65 
 Unfortunately, the data from the derivative and baseline 
plots show just as much noise as the samples from site 15CE6. 
The noise makes it difficult to identify any grouping from 
overlapping peaks. There also are not any definitive outliers 
present (Figures 49 and 50). There is some visible grouping and 
spread between peak heights near the 1200-1100 wavenumber range 
that resembles ones from other sample groups. However, the 
samples from site 15CW65 seem to have had much more noise 
present in the 1900-1600 range than other sample groups, which 
affected the correlation results. The correlation data are also 
like the samples from site 15CE6 in that there are no pairs with 
a value of 0.8 or higher. At this site, the highest value was 
0.76 (Table 11). While the PCA plot for this site has a more 
centralized data distribution, the explained variance is worse 
at 65.9% (Figure 51). 
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Fig. 49: FTIR plot of 15CW65 with 1st order derivatives. 
Fig. 50: FTIR plot of 15CW65 with 15% baseline. 
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Table 11: FTIR correlation data for 15CW65. Cells with values greater than 0.71 colored 
red. 
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Fig. 51: FTIR PCA plot of 15CW65 with 65.9% variance. 
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15FU4 
 The data for site 15FU4 are similar to those from the other 
sites. Unlike the previous site, there are some outliers that 
are present that show higher absorption peaks. One such peak is 
visible near the 1250 wavelength range where there is a great 
deal of variation between the samples that can be seen on the 
absorbance rates. However, most of the data still contain a high 
degree of noise, which seemed to obscure more of the plot than 
the other sites. (Figures 52 and 53). The correlation data for 
the ceramics obtained from this site continues the trend of not 
having a significant number of pairs with a value of 0.8 or 
higher. This time there was only one pair that had a value of 
0.8 (Table 12). While the PCA plot of the samples from this site 
has a low percentage of explained variance at 68.2, most of the 
points are tightly grouped with outliers spread evenly around 
the center (Figure 54). 
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Fig. 52: FTIR plot of 15FU4 with 1st order derivatives. 
Fig. 53: FTIR plot of 15FU4 with 15% adaptive baseline. 
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Table 12: FTIR correlation data of 15FU4. Cells with a value of at least 0.8 colored red. 
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Fig. 54: FTIR PCA plot of 15FU4 showing 68.2% variance. 
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15McN51 
 The samples from 15McN51 show further similarities with 
those from 15CW65, 15CE6, and 15FU4 in terms of derivative and 
baseline plots. While some samples differ from the rest at 
approximately the 2500 Wavenumbers region, the rest of the data 
seem to be obscured by noise (Figures 55 and 56). The 
correlation data shows a slight increase in correlation values 
between the samples; however, there are only 2 pairs that have a 
value of at least 80% (Table 13). The PCA plot has a slightly 
higher explained variance percentage than the other sites at 
70.3% but continues the trend of the FTIR data having low 
percentages of variance. While the data are still clustered in 
the center of the plot, there seem to be fewer negative values 
from this site than others (Figure 57). This suggests that 
either the samples from this site may have had a higher degree 
of positive relations between each other, or that the noise did 
not impact these samples as much. 
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Fig. 55: FTIR plot of 15McN51 with 1st order derivatives. 
Fig. 56: FTIR plot of 15McN51 with 15% adaptive baseline. 
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Table 13:FTIR correlation data for 15McN51. Cells with values of at least 0.8 colored red. 
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Fig. 57:FTIR PCA plot of 15McN51 showing 70.3% variance. 
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15ML109 
 The data from site 15ML109 does not seem to have any 
differences regarding derivative or baseline data compared to 
the other sites and no outliers seem to be present. The peaks 
present in the other data are still present in this site 
(Figures 58 and 59). One unique difference in the plotted data 
is visible towards the lower region. Some of the peaks in this 
lower region such as the ones at 1850 and 1150 have the most 
visible spread between the sample lines than those from the 
other sample groups. Therefore making it easier to identify 
potential differences and similarities for this site. Similar to 
site 15McN51, while the correlation data still had lower values 
than the VNIR data, this site contained 2 pairs with values of 
at least 0.8 (Table 14). The PCA plot is also like the other 
FTIR plots with an explained variance of 69.1% (Figure 60). 
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Fig. 58: FTIR plot of 15ML109 with 1st order derivatives. 
Fig. 59: FTIR plot of 15ML109 with 15% adaptive baseline. 
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Table 14: FTIR correlation data for 15ML109. Cells with values of at least 0.8 colored 
red. 
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Fig. 60: FTIR PCA plot of 15ML109 showing 69.1% variance. 
 
 
CHAPTER 5: Discussion 
PXRF 
The samples from each site generally provided a clearer 
image at the lower energy levels, with  noise becoming greater 
above the 15keV range (Figure 6). This could be a result of the 
higher energy levels causing more excitement in the atoms’ 
shells causing a wider range of counts to be observed. There is 
also a chance that, at the higher energy ranges, the x-ray 
emitted by the device started to penetrate the surface of the 
sherds. This would result in the interior of the samples being 
analyzed as well, which may have contained inclusions not 
visible on the surface. The calcium levels in all samples 
analyzed remained closely grouped together. The peaks were not 
as high as those for other elements. However, the closely 
grouped nature of the calcium levels suggests that the samples 
are from an area where calcium is present at a stable level. 
Since all samples display this grouping this could mean that 
either the calcium levels across all samples are similar, or 
that multiple samples contain material obtained from the same 
clay source.  
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Samples from each of the sites contained high peaks of the 
elements yttrium and zirconium, which suggested that there was 
an increase in chemical signatures that could be identified as 
yttrium and zirconium than other signatures. The difference for 
these elements, however, was that most samples dropped in counts 
per second for the elements, suggesting a drop in the amounts of 
these elements detected in the samples. This meant that while 
these elements were commonly represented across the samples as 
peaks, the actual recorded counts of the elements varied between 
samples, with some having fewer amounts than others. Samples 
from some sites, such as 15CW65, exhibited this with a visible 
split between having high counts and others having low counts 
for yttrium and zirconium. In the case of yttrium there were 
more samples with lower counts in sites like 15CW65 (Figure 16). 
The fact that the sherds from these sites commonly showed 
yttrium and zirconium as peaks while also having a varying 
amount of counts of the elements recorded means that they may be 
the most useful in analyzing the samples. Since the peaks are 
easily identifiable as an initial way of grouping samples that 
share these peaks, the counts per second of these peaks could 
then be used to further group samples with similar counts of the 
identified peaks, in this case the elements yttrium and 
zirconium. An example of this difference can be seen from sites 
15CE6 and 15McN51. At site 15CE6, the majority of samples had 
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much lower counts for the primary yttrium peak than the rest of 
the plot. The only exceptions from 15CE6 are samples 85-51a and 
85-51q which had higher peaks (Figure 10). This means that there 
was a higher amount of the element detected than those with 
lower peaks. At site 15McN51 , this drop in counts is not as 
visible in all samples. In fact, there were more samples with 
high amounts of yttrium than ones with lower amounts (Figure 
23). Since the samples from site 15McN51 generally had higher 
amounts of yttrium than 15CE6, this suggests that there was a 
difference in the source area of the materials for the two sites 
samples. Differences between sites, such as this is key to 
identifying similarities between samples from different sites.   
Iron also showed some potential for detecting differences 
in the clay sources used to construct these prehistoric 
ceramics. Since iron ore is abundant in the study region, it may 
also be a useful element for discriminating between the clay 
sources used to manufacture ceramics at these different sites. 
The data from each of the sites showed similar peaks ranging 
from as low as 5 counts per second to as high as 25 counts per 
second. While the samples tested do not seem to show any 
correlation with each other based on the counts of iron. The 
visible difference in count levels provides an interesting 
opportunity to assess which samples may have originated from 
areas where the levels of iron are higher.  
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VNIR 
 The pXRF data were compared to data derived from 
hyperspectral-imaging analysis to assess the degree of 
replicability between these methods. Of the two hyperspectral 
devices, the VNIR device was the most successful in accurately 
depicting differences in individual samples from each site. The 
samples from each site revealed easily identifiable group peaks 
in the visible and near infrared spectral range which was to be 
expected if the ceramics were manufactured from clays obtained 
from sources in the same geographic region if they were 
manufactured from locally available clays. The 550 and 650nm 
wavelengths showed similar peaks between the different sample 
groups. With variations occurring based on the height of those 
peaks as well as the spread between each samples peak within a 
specific group. 
There are, however, slight variations in absorbance rates 
between each sample. These rate differences were key in 
identifying the similarities and differences between the 
samples. The covariance matrices provided helpful insight into 
the accuracy of the device by identifying potential 
correlations. As previously stated, pairs with a value of at 
least 0.8 were considered to be potential matches. While the 
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VNIR results were better than the FTIR ones the rates were still 
low. The site with the highest number of potential matches was 
15CE6 which had 109 potential matches out of a possible 190. 
This resulted in a success rate of 57.3% in identifying similar 
samples, assuming each site sample originated from a single 
source. The rates for the other sites were 15ML109 with 54.7%, 
15CW65 with 45.2%, 15FU4 with 36.8%, and 15McN51 with 25.7%. The 
reason for these low percentages is likely the surface color of 
the ceramics themselves. This was especially apparent in the 
samples from site 15McN51 where there was a large amount of 
variation between lighter colored sherds and darker ones. This 
likely occurred from differences in firing conditions as some of 
these samples have fire spots present, which may have impacted 
the data. This suggested that the coloration of the surface of 
the samples may influence the effectiveness of the device. 
The correlation matrices were also used to identify whether 
samples from the same site were more similar than samples from 
different sites. Ideally if a sample had its highest correlation 
value with another sample from the same site then those samples 
will have been properly grouped, assuming the samples originated 
from a local clay source. These values mirrored the inter-site 
correlation values. Site 15ML109 had the highest percentage with 
12 out of 20 samples being correctly matched, resulting in a 60% 
match rate (Table 15). The other sites had slightly lower 
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percentages with 15McN51 and 15CE6 each having a 55% correlation 
rate (Tables 16 and 17), 15FU4 having a 50% (Table 19), and 
15CW65 having a 45% correlation rate (Table 18).  
The VNIR data do indicate some potential for detecting 
various minerals in the ceramic samples using known spectral 
reference curves. One advantage is that the spectral curves from 
the samples had peaks of high absorbance in similar areas with 
the only difference being the specific absorbance values. This 
means that the samples all had similar dipole bonded molecules 
present with higher absorbance values. Since the only difference 
is the specific values, samples with values much closer to each 
other could be considered as originating from similar source 
areas. Iron powder seems to be present in varying quantities 
across all samples. It is difficult to determine specifically 
since the regions where this material typically shows peaks are 
closer to the ultraviolet spectrum which is where the VNIR data 
is more susceptible to noise being introduced, making it 
difficult to accurately read values(Figures 61 and 62). The 
device also seems to have the capabilities to detect the 
presence of Kaolinite (Figures 63 and 64). Kaolinite has 
distinctive spectral regions that are typically used for 
identification. This is usually present near the 1.39, 1.4 and 
2.2µm range where the mineral shows a peak in absorption (Clark 
et al., 1993). While the data was easily interpreted in the 
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lower regions such as 1.3 and 1.4µm, the data became more 
clustered towards the larger end of the spectrum towards 2.2µm. 
While it was possible to single out a specific sample to 
identify whether there was a peak in absorbance or reflectance 
at that range, there was no visible correlation across the 
samples within a specific site. This could suggest that these 
upper ranges were outside the devices most effective range, 
therefore introducing a higher susceptibility to outside noise. 
It could also suggest that there is a great deal of variety 
across the samples. Since the device can detect the presence of 
kaolinite with the proper reflectance curves to use as a 
baseline it should be possible to identify other types of clays 
as well. With that knowledge it would be possible to 
differentiate samples based on the ratios of different clays 
present in the sample.  
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Table 15: Table of 15ML109 showing which samples had their highest correlation value with samples from the 
site. 
Table 16: Table of 15McN51 showing which samples had their highest correlation value with samples from the 
site 
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Table 17: Table of 15CE6 showing which samples had their highest correlation 
value with samples from the site. 
Table 18: Table of 15CW65 showing which samples had their highest correlation value with samples from the 
site. 
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Table 19: Table of 15FU4 showing which samples had their highest correlation value with samples from the 
site. 
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Fig. 61: Reference plot for a sample of iron powder in the 
ultraviolet to visible spectrum. 
Fig. 62: VNIR plot of 15McN51 centered on the visible spectrum. 
Similar high peaks and drops in absorbance values are present at 
the 390-400nm wavelengths as are present in the iron powder 
reference curve. 
Ceramic Samples 
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  Fig. 63: Reference plot of a sample of Kaolinite, showing 
distinct absorption peaks near the 1.4µm and 2.2µm range. 
Fig. 64: VNIR plot of 15McN51 centered on region showing 
potential Kaolinite at wavelengths 1390-1420nm (1.4 micrometers 
on figure 63). 
 
Ceramic Samples 
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FTIR 
     The FTIR did not provide data that were as useful at 
analyzing ceramics as the VNIR. While there are regions of the 
FTIR data where potential patterns can be observed, there is a 
significant amount of noise present that obscures the upper and 
lower ends of the spectrum. This amount of noise made it 
difficult to accurately interpret what minerals were  present in 
the ceramic samples. Like the VNIR plots, there are distinct 
peaks present at specific wavenumber ranges that might be useful 
in identifying minerals present in the samples; however, the 
amount of noise prohibits the identification of specific 
minerals. There were some samples that had distinct spectral 
patterns at certain regions such as from 8000 to 9000nm which 
suggested that the problem could be with the sample preparation. 
If this was the case, then alternate calibration settings for 
the device may have an impact. Increasing or decreasing the 
devices sensitivity could influence the amount of noise present. 
Since there are regions that do not display as much noise, it is 
possible that variations in the samples, such as variations in 
texture or mineral contents due to different firing/forming 
conditions could impact the readings. Since the device operates 
similarly to the pXRF in that it is only capable of analyzing a 
small area. This means that if there are any textural 
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differences in the samples due to their firing conditions, that 
it would alter the reflectance values.  
The amount of noise present may also be addressed through 
different methods of processing the data. However, that would 
require having homogenous samples to test, to address whether 
the noise is due to variations in the samples or the device’s 
reading capabilities.   
The correlation matrices for the FTIR data also exhibited 
significantly fewer pairs with a value of 0.8 or higher than the 
VNIR data . The site with the highest number of pairs was 
15McN51 with only 3 cells containing a value of at least 0.8. 
Neither 15CE6 and 15CW65 contained any cells with a value of at 
least 0.8 which may have been caused by the amount of noise 
present at the regions less than 5000nm and greater than 1100nm 
(Figures 47 and 50). When the highest correlation values were 
identified for each of the samples from the FTIR data, the 
results showed a similar number of correct matches as the VNIR 
data. However, even though both devices had similar success 
rates in matching samples from the same site, the FTIR data 
showed significantly lower correlation values than the VNIR 
data. Unlike the VNIR device, there were three sites that had a 
match rate of 60% which was slightly more than the two sites the 
VNIR detected. These sites were 15McN51, 15FU4, and 15ML109 
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(Tables 20, 21, and 22). Sites 15CE6 and 15CW65 had a much lower 
number of matches between samples from the same site. With only 
30% of samples from 15CE6 identified as potential matches, and 
only 15% from site 15CW65 (Tables 23 and 24). The FTIR data 
displayed a higher number of matches between the samples from 
sites 15McN51 and 15FU4. One reason for this could be the way 
that the FTIR device was used to analyze the samples. Unlike the 
VNIR device the FTIR device allowed for the samples to be in 
direct contact with the sensor which meant that only a specific 
part of a sample could be analyzed at a time. This could have 
impacted the samples that contained portions of their surface 
that were textured differently due to varying firing conditions 
during the ceramic’s formation. If the spectral lines themselves 
are compared to reference lines for known mineral samples, they 
can provide similar information as the VNIR device. The primary 
difference with the FTIR data is that there are considerably 
more peaks in the data than in the VNIR data. This means that 
potentially multiple minerals could be identified as present in 
the samples. There was so much noise in this dataset; however, 
that the regions at either end of the plots lacked any peaks 
common across the samples themselves. Minerals such as quartz 
have the capacity to be identified depending on whether the 
reference sample contains measurements at the farther end of the 
infrared spectrum that the FTIR records (Figures 65 and 66).
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Table 20: FTIR Table of 15McN51 showing which samples had their highest correlation value with samples from 
the site. 
Table 21: FTIR Table of 15FU4 showing which samples had their highest correlation value with samples from 
the site. 
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Table 22: FTIR Table of 15ML109 showing which samples had their highest correlation with samples from the 
site. 
Table 23: FTIR Table of 15CE6 showing which samples had their highest 
correlation with samples from the site. 
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Table 24: FTIR Table of 15CW65 showing which samples had their highest correlation with samples from the 
site. 
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Fig. 65: Reference plot of quartz. 
Fig. 66: FTIR plot of 15CE6 centered on region with potential 
quartz peaks. 
CHAPTER 6: Conclusions 
 While further research is needed the results obtained from 
this study show potential for the use of VNIR as a means to 
source prehistoric ceramics within a similar region. The pXRF 
results were unable to be quantifiably measured; however, the 
qualitative analysis showed that peaks in the data could be 
matched with a corresponding element. In the present data, these 
were elements, such as yttrium, iron, and zirconium. This 
provided a quick means of identifying the trace elements 
typically used in the sourcing of ceramics. Roughly half of the 
samples from each site displayed splitting at certain kEV 
ranges, resulting in higher peak values for some elements and 
lower ones for others. For instance, iron and yttrium displayed 
high peaks in approximately half of the samples while peaks for 
other elements dropped drastically in counts per second. This 
was mirrored somewhat in the data obtained using the VNIR and 
FTIR devices. The VNIR device was more effective at 
discriminating sample groups than the FTIR device. While the 
FTIR device was able to accurately match almost as many samples 
as the VNIR did, the actual correlation values tended to be much 
lower. Using reference data from an online database, minerals 
were identified in both datasets. However, this process was 
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slightly easier with the VNIR data due to the absence of noise 
present throughout the FTIR data.  
The primary drawback of the VNIR device was data 
acquisition. While the device allowed for the entire surface to 
be analyzed at once, unlike the pXRF and FTIR devices, it has a 
limited capability to penetrate past the surface to the extent 
that the pXRF device can. This meant that the VNIR device was 
more susceptible to inclusions or features such as coloration 
differences from varying oxidizing environments and was unable 
to analyze the interior past a few millimeters unless a clean 
break was present that exposes the interior.  
Another drawback that the VNIR device suffered from was the 
impact of differential coloration. The conditions present during 
the firing process of ceramics can impact the coloration of the 
sherds. Sherds that underwent firing in a reducing environment 
will have darker colored areas or spots on the sherds than those 
that were fired in an oxidizing environment (Rice, 2009). It is 
likely that this caused the low correlation values present in 
some samples for the VNIR device since the color of the surface 
would influence the reflectance values. This is visible in the 
samples from 15CW65. There is a visible variation in coloration 
of the samples from light to dark and some showing mixes of the 
two. Further research could provide information on whether 
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different firing conditions that lead to this difference in 
coloration or textures could impact VNIR results.  
While minerals present in the samples can potentially be 
identified using reference curves, this would likely require a 
sample of clay from the area to use as a baseline. With a 
baseline present it would allow for the identification of common 
minerals in the study area; therefore allowing more focus to be 
placed on key minerals to identify any differences. This process 
may be facilitated using a petrographic thin-section analysis of 
multiple clay samples from the region to identify which minerals 
are present and in what quantities across different clay 
sources. 
Overall, the VNIR device had a higher degree of accuracy in 
grouping samples within a site than the FTIR device. The VNIR 
device also had a higher degree of success in identifying 
potential minerals in the samples. This could be helpful as a 
quicker non-destructive alternative to petrographic thin section 
analysis. While it would potentially not be as accurate and it 
would be difficult to ascertain how much of each mineral is 
present without utilizing calculations such as Bohr’s Law, it 
would provide a quick overview of what types of minerals are 
present in the sample. With further research and optimization, 
the VNIR device could be an alternative to handheld devices, 
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such as pXRF. While it might not be as accurate as other 
devices, it can still be a quick and effective method of 
analysis when the goal is identification of the physical makeup 
of a ceramic instead of its chemical composition. Such as the 
identification of specific types of clays and comparing their 
presence or absence across a group of samples. 
The data obtained from the hyperspectral devices shows the 
potential for identifying the differences and similarities that 
can be used for sourcing and analyzing archaeological ceramics. 
The noise present in both devices prevented precise 
identification of some of the more diagnostic materials however 
and further work will be needed to identify ways around that 
issue. Assuming the issue of noise can be resolved, both VNIR 
and FTIR devices have the potential to work in a similar manner 
to a pXRF device when a physical analysis is preferred. However, 
the current data suggests that neither hyperspectral device has 
the potential to be as accurate or as precise as other methods 
such as INAA. This difference is also impacted by the fact that 
these more destructive methods can restrict the amount of 
influence factors such as airflow has on the readings. They are 
also able to gain a better reading of the ceramic composition as 
well, with the FTIR device is only being capable of analyzing a 
single spot on a sample at a time. The VNIR device can analyze a 
larger area, but it is still not as comprehensive as other 
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techniques that involve reducing the sample to a powder which 
allows for a more comprehensive analysis.  
Future Work 
 Since both VNIR and FTIR devices analyze the physical 
aspects of the samples, it might be complementary to use these 
devices as a means of preliminary analysis alongside an initial 
visual analysis. This will give an initial look at what minerals 
may be present in the samples as well as an estimate as to 
whether there are more or less of a mineral between two or more 
samples. The resulting data could then be used to help set up a 
more focused analysis using other, more accurate techniques such 
as a petrographic thin-section analysis. Future research may 
also benefit from looking into how much influence differential 
coloration of the samples has on the VNIR device. In this study 
the highest percentage of matches between samples of a site was 
60%. Many samples analyzed in this study had darker spots 
present which may have contributed to this lower percentage. 
Future work could analyze two separate groups of samples, one 
that underwent an oxidizing environment and another that 
underwent a reducing environment. This means that a physical 
examination of the samples to determine any visual differences 
between samples may be necessary. With the noise present in both 
hyperspectral devices, there is a possibility that variations 
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between the samples arisen from differences in firing conditions 
or mineral inclusions could have influenced the results. With 
further research the level of impact these variations may have 
on the devices could be identified. As the hyperspectral 
technology improves further, these handheld devices could become 
effective tools for the physical analysis and sourcing of 
archaeological ceramics.  However, it is likely that an approach 
utilizing multiple techniques or methods will still be 
preferred. As each device has drawbacks that may be offset by 
utilizing another device in order to compare the resulting data 
and limit any potential variance that can be explained by these 
device specific drawbacks.
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